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ABSTRACT: This research is about Chronic diseases including diabetes mellitus, cardiovascular disease (CVD) 
and chronic kidney disease (CKD) have strong pathophysiological interdependencies, but most machine learning 
predictors either consider them separately or require longitudinal electronic health records unavailable in resource-
constrained settings. This work helps fill an important gap by presenting some lightweight and interpretable multi-
disease frameworks that is works for population-level screening based on minimal feature survey data. We 
developed a multi-output gradient boosting classifier trained with 70692 respondents from the Behavioral Risk 
Factor Surveillance System (BRFSS) using only 19 demographic and lifestyle features, SHapley Additive 
exPlanations (SHAP) for model interpretability and rigorous external validation on an independent cohort. The 
framework was able to simultaneously predict diabetes (area under the receiver operating characteristic curve 
[AUC] = 0.831, 95% CI: 0.826-0.837) and CVD (AUC = 0.809, 95% CI: 0.803-0.817) and CKD risk proxy (AUC 
= 0.962, 95% CI: 0.960-0.964) agents with an exceptional stability during external validation (|∆AUC| < 0.0 SHAP 
analysis resulted in rules clinician friendly, such as 'Age under 65 years increases CKD risk by +1.262 SHAP 
units, which were confirmed through structured physician's feedback forms. The results show the practicality of 
implementing clinically relevant multi-disease prediction based on resource-efficient ensemble techniques, 
independent of EHR systems and GPU-intensive models, which is crucial for the deployment of such approaches 
in primary care settings where longitudinal health records are very rare to access. 
Keywords: Chronic disease prediction; multi-task learning; Gradient boosting; Explainable AI; Population health 
screening; Behavioral Risk Factor Surveillance System; Diabetes mellitus; cardiovascular disease; chronic kidney 
disease; Clinical decision support 
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INTRODUCTION 
Chronic non-communicable diseases, such as 
diabetes mellitus, cardiovascular disease (CVD) and 
chronic kidney disease (CKD) are the leading causes 
of death worldwide, representing unsustainable 
burdens for healthcare systems worldwide [4]. 
Critically, there are very strong pathophysiological 
interdependencies involved: diabetes patients have a 
substantially high risk for CKD [4], and the presence 
of CKD is an independent risk factor for CVD 
mortality [22]. Despite this clinical reality, 
traditional methods of machine learning generally 
use single disease prediction models that do not 
account for patterns of comorbidity, and thus, fail to 
harness common risk pathways for better diagnostic 
accuracy [12]. 
Recent studies are towards multi-task learning 
(MTL) architectures are jointly developed for model 
disease correlations. Kim et al. [14] demonstrated 
how intra-person MTL frameworks can be 
constructed on CNN-LSTM networks to promote 
the stability in predicting diabetes hypertension 
using the temporal feature representation sharing 
across the related tasks. Similarly, Zhang et al. [28] 
created MTL-Cox models with substantial accuracy 

improvements compared to single-task baselines for 
nine chronic conditions on UK Biobank data. Men 
et al. [21] extended LSTM networks with time-
aware and attention mechanisms for multi-disease 
prediction with more than five million clinical 
records. However, these complex frameworks 
demonstrate a critical dependency on longitudinal 
electronic health records (EHRs) with sequential 
clinical visits a resource unavailable in the majority 
of low- and middle-income countries according to 
systematic reviews [4]. This dependence on EHR 
data represents a translational hurdle: While the field 
is now showing promise on a theoretical level, its 
clinical value has been limited to settings that are 
well resourced and have advanced health 
informatics systems. At the same time, the field has 
witnessed an explosion towards increasingly 
computationally demanding architectures. 
Concurrently the field is more inclined to more 
computationally intensive model architectures. Dao 
et al. [3] recently released CURENet a multimodal 
model combining LLMs for clinical notes, 
transformers for time series, and structured labs with 
94% accuracy on 10 chronic conditions. Tsai et al. 
[24] similarly proposed attention-based multimodal 
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networks which capture cross-disease dependencies. 
However, these methods necessitate GPU intensive 
inference and structured EHR ecosystems and, thus, 
are not amenable for population level screening in 
resource limited primary care settings with only 
basic demographic and lifestyle information 
available. [4] 
This dichotomy highlights a core tension in 
predicting chronic disease research: accuracy vs. 
accessibility. Deep learning and LLM-based systems 
can suffer small performance improvements at 
prohibitive computational costs and lightweight 
ensemble systems are limited to single disease 
prediction despite their deployment benefits. The 
systematic review of Delpino et al. [4] pointed out 
critically that less than 15% of chronic disease 
prediction research employs nationally 
representative survey data such as BRFSS 
describing a large gap in frameworks that are 
applicable to screening cross sectionally in the 
population. Yang et al. [26] focused on predicting at 
the population level using gradient boosting on 
451,425 working adults (AUC=0.850) but only 
predicted aggregate "multiple chronic conditions" 
without disease-specific prediction of risk and/or 
external validation. 
Furthermore, clinical adoption requires actionable 
interpretability beyond SHAP values in post-hoc. 
While the work by Khan et al. [13] presented 
explainable surveillance systems with physician 
validation, their frameworks still depend on EHR-
derived features (labs, medications) that are 
unavailable in minimal resources screening settings. 
Ge et al. [7] came up with a CNN equipped with 
correlation-aware loss for multi-label prediction but 
at the cost of interpretability loss. The lack of 
clinician-interpretable rules based on survey-based 
risk factors is a critical issue in the deployment to 
the field [12]. 
To fill these gaps, we propose a multi output gradient 
boosting approach that predicts diabetes, CVD, and 
CKD simultaneously using 19 features from BRFSS 
nationally representative survey data only. This 
study is a lightweight survey based on multi-output 
predictor using combination of clinician rules 
derived from SHAP and externally validated stable 
performance (|∆!AUC| < 0.03). By putting 
implementation feasibility over extra architectural 
complexity, the framework allows scalable multi-
disease risk stratification in settings for which 
longitudinal EHR systems are lacking [4]. 

I. RELATED WORK: 
Early applications of machine learning for chronic 
disease prediction were mostly single-disease 
classification predictors based on traditional 
ensemble methods. Islam [11] obtained 98.75% 
accuracy in chronic kidney disease (CKD) 
prediction by CatBoost with SHAP explainability, 
and other studies with Random Forest and AdaBoost 
on UCI datasets were reported to be able to return 

high accuracy for heart disease and by Random 
Forest [3]. However, these approaches considered 
diseases as individual entities in spite of well-
established clinical comorbidities diabetes patients 
exhibit threefold higher CKD risk thus not taking 
advantage of shared pathophysiological pathways 
across related conditions. 
In order to solve disease interdependencies, 
researches shifted to multi-label and multi-task 
learning paradigms. Ge et al. [7] proposed 
GroupNet, a convolutional neural network with 
correlation-aware loss functions to model the 
relationships between ten chronic diseases with an 
accuracy of 81.13%. Zhang et al. [29] and Maxwell 
et al. [20] further contributed to multi-label 
classification by problem transformation methods 
and deep architectures respectively. Nevertheless, 
these models were computationally intensive black 
boxes with limited clinical interpretability and were 
heavily dependent upon longitudinal data from 
electronic health records (EHR) which are not 
available in resource-constrained settings. 
The most advanced frameworks had introduced 
some temporal modeling to model the dynamics of 
disease progression. Kim et al. [14] proposed an 
intra-person multi-task learning CNN-LSTM model 
that predicts both diabetes and hypertension jointly 
with the same LSTMs and demonstrated higher 
stability than single task baselines. Men et al. [21] 
extended Lstm network with time aware and 
attention mechanism for multi disease prediction 
using more than five million clinical records. Zhang 
et al. [28] built MTL-Cox, a survival analysis 
framework that predicts nine chronic diseases using 
UK Biobank data with 12% accuracy improvements 
compared to other competing methods. While 
effective, these approaches require sequential visits 
in clinical settings and structured EHR infrastructure 
resources which are not available in 78% of low- and 
middle-income countries according to systematic 
reviews [4]. 
Recent developments involve the use of multimodal 
data integration using large language models. Dao et 
al. [3] introduced CURENet, which integrates 
unstructured clinical notes, lab results, and time-
series data using LLMs and transformers for the 
prediction of ten chronic conditions achieving 94% 
accuracy on MIMIC-III. Tsai et al. [24] used 
multimodal inputs with attention mechanisms in a 
similar way for improved interpretability. Despite 
the high predictive performance, LLM-dependent 
architectures are costly in terms of computational 
resources and structured EHR ecosystems, limiting 
their applicability to get deployed in settings of 
primary care where only basic demographic and 
lifestyle data can be found. 
Explainability has become an important requirement 
for clinical applications. Khan et al. [13] created an 
explainable surveillance system based on SHAP 
values and rule engineering for Random Forest 
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models, which was validated by physicians based on 
routine EHR data. Although most of the frameworks 
offer post-hoc interpretability, they do not have 
clinician-actionable decision rules based on an 
established clinical threshold. Yang et al. [26] 
addressed population-level screening based on the 
gradient boosting algorithm with data from 451,425 
working adults undergoing checkups (AUC=0.850) 
but did not predict specific disease risk or stratify 
individuals according to their specific disease risks 
and did not validate the results with independent 
data. 
Delpino et al.'s systematic review [4], for example, 
critically noted that "less than 15% of studies on 
prediction of chronic disease used nationally 
representative survey data such as BRFSS" and 
therefore there is a significant gap in lightweight 
frameworks that can be used in cross-sectional 
population screening. Most of the existing multi-
disease predictors either need longitudinal EHRs [14 
21, 28], require GPU intensive LLM inference [3, 
24], or lose specific disease interpretability to 
aggregate risk scores [26]. This context points to the 
need for resource-efficient multi-task predictors that 
can work on minimal feature sets and are 
accompanied by clinical transparency an important 
requirement for implementation in environments 
with limited health informatics infrastructure. 
Contributions & Novelty Table 
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Technical 
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MCC 

predicti
on), [4] 
(system

atic 
review 
gap) 

Clinic
ian-

interp
retabl
e rule 
extrac
tion 

SHAP 
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(attentio
n maps) 

physician 
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clinician 
feedback 
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extern

al 
valida
tion 

Train on 
BRFSS 
2022 → 
test on 
BRFSS 
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subset (19 
shared 

features) 

ΔAUC <0.01 
across 
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disease ML 
literature 

[7, 20, 
29] 

(internal 
CV 

only) 

Resou
rce-

efficie
nt 

deplo
yment 

<500ms 
inference 
on CPU; 

no 
GPU/LLM 
dependenc

y 
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screening in 

primary 
care/LMICs 
where EHRs 
unavailable 

[3] 
(LLM-
heavy 

CUREN
et), [24] 
(multim

odal 
transfor
mers) 

II. METHODOLOGY 
This study uses a multi-output gradient boosting 
approach for the joint prediction of diabetes, 
cardiovascular disease (CVD) and chronic kidney 
disease (CKD) with data from the nationally 
representative BRFSS survey. Our methodology 
combines disease correlation modeling using shared 
representations of features, pathophysiological 
cascade constraints are used in line with 
KDIGO/ACC guidelines, and SHAP-based 
explainability is used to produce clinician-
actionable risk rules. The external validation on a 
separate cohort is important in order to ensure 
robustness without retraining. 
3.1 Multi-Label Target Construction 
We formulate chronic disease prediction as a multi-
label classification problem where each patient may 
simultaneously exhibit multiple conditions. Let 𝑋 ∈
𝑅"×$ represent the feature matrix with 𝑛 patients 
and 𝑑	 = 	19 clinical attributes. The target space is 
defined as 𝑌 = [𝑦diabetes, 𝑦cvd, 𝑦ckd] ∈ {0,1}"×3 
where: 

𝑦diabetes
(&) = 01							if 𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠_𝑏𝑖𝑛𝑎𝑟𝑦

(&) = 1
0								otherwise

 (1
) 

�cvd
(�)

= 01			if 𝐻𝑒𝑎𝑟𝑡𝐷𝑖𝑠𝑒𝑎𝑠𝑒𝑜𝑟𝐴𝑡𝑡𝑎𝑐𝑘
(&) = 1 or 𝑆𝑡𝑟𝑜𝑘𝑒(&) = 1

0		otherwise
 

(2
) 

For chronic kidney disease (CKD) there is no direct 
field of diagnosis in BRFSS. We develop a 
probabilistic proxy based on known clinical risk 
factors based on KDIGO guidelines: 
𝑠ckd
(&) = 3 ⋅ 1A𝐴𝑔𝑒(&) ≥ 9D + 2

⋅ 1A���ℎ��(�) = 1D
+ 3�diabetes

(�)

+ 1A���(�) ≥ 30D
+ 1A𝑆𝑚𝑜𝑘𝑒𝑟(&) = 1D 

(3) 
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where 𝐼(⋅)	denotes the indicator function. The 
continuous risk score is transformed to probability 
via sigmoid activation: 

𝑝ckd
(&) =

1

1+ exp K−A𝑠ckd
(&) − 5DM

 (4) 

Binary labels are assigned with controlled noise 
injection to simulate diagnostic uncertainty: 
�ckd
(�)

= N
1A𝑝ckd

(&) > 0.5D ⊕ 𝑏(&)with probability 0.05
1A𝑝ckd

(&) > 0.5Dotherwise
 

(5
) 

where 𝑏(&) ∼ Bernoulli(0.5) introduces 5% label 
noise and ⊕ denotes XOR operation. 
CKD labels were made as a proxy of probability of 
risk based on known clinical risk factors (age, 
hypertension, diabetes, BMI, smoking) because of 
lack of laboratory confirmed eGFR or albuminuria 
measures in BRFSS. Therefore, CKD predictions 
reflect risk stratification as opposed to certainty of 
diagnosis. 
3.2 Feature Preprocessing and Stratified Sampling 
Numeric features undergo z-score normalization to 
ensure gradient-based optimization stability: 

𝑥(norm =
𝑥( − μ(

σ(
, 	 𝑗 ∈ 𝑁 (6) 

where 𝒩 =
{BMI,MentHlth,PhysHlth,Age,Education,Income,GenHlth} 
represents the set of numeric attributes, μ( and σ( 
denote training-set mean and standard deviation 
respectively. 
To preserve comorbidity patterns during train-test 
splitting, we construct stratification keys from the 
Cartesian product of disease states: 
𝑘(&) = 4𝑦$&)*+,+-

(&) + 2𝑦./$
(&) + 𝑦.0$

(&) , 	 𝑘(&)
∈ {0,1, … ,7} 

(7) 

In order to alleviate serious class imbalance in 
BRFSS, a balanced 50:50 subset was built for model 
development with preserved combihood structure 
using stratified sampling. External validation was 
performed for an independent validation cohort 
using natural prevalence distribution in order to 
assess real world generalizability. The dataset is 
divided in such a way that: 
𝒟𝓉𝓇𝒶𝒾𝓃 ∪ 𝒟𝓉ℯ𝓈𝓉 = 𝒟,	 𝒟𝓉𝓇𝒶𝒾𝓃 ∩ 𝒟𝓉ℯ𝓈𝓉

= 	∅ 
(8) 

with |𝒟test|
|𝒟|

 = 0.3 and stratification preserving 
𝑃! A𝑘(&) = 𝑘D across splits. 
3.3 Multi-Output Gradient Boosting Classifier 
We employ gradient boosting with multi-output 
extension to model disease correlations. For each 
disease 𝑚	 ∈ {1,2,3} the base learner is a gradient 
boosting machine defined as: 

𝐹9
(,)(𝑥) = 𝐹9

(,:1)(𝑥)

+ ν_ γ(9
(,)1A𝑥

;

(<1

∈ 𝑅(9
(,)D 

(9) 

where 𝑡 denotes boosting iteration, ν = 0.1 is the 
learning rate, 𝐽 = 3 is tree depth controlling model 
complexity, Rjm

(t) represents leaf regions, and γ(9
(,) are 

leaf weights optimized via: 
γ��
(�)

= arg min
γ

_ 𝐿A𝑦9
(&), 𝐹9

(,:1)A𝑥(&)D
=(")∈?$%

(&)

+ γD 

(10) 

with logistic loss L(y,F) = y log(1+ e:F) + (1−
y) log(1+ eF). The multi-output framework shares 
feature representations across diseases while 
maintaining disease-specific decision boundaries 
through independent base learners: 

𝑌b = cσA𝐹1(𝑥)D, σA𝐹2(𝑥)D, σA𝐹3(𝑥)Dd (11) 
Where σ(𝑧) = 1/(1+ 𝑒:@)	 is the sigmoid function 
producing calibrated probabilities. 
3.4 Clinical Cascade Enforcement 
To incorporate pathophysiological progression 
constraints (diabetes → CKD → CVD per 
KDIGO/ACC guidelines), we apply post-hoc 
probability adjustment: 
����g

= 0min(0.8,1.4𝑝.0$) if 𝑝$&)*+,+- > 0.7 and 𝑝.0$ < 0.5
𝑝.0$otherwise  

 

(12
) 

����g

= 0min(0.85,1.3𝑝./$) if 𝑝.0$i> 0.6 and 𝑝./$ < 0.5
𝑝./$otherwise  

 

(13
) 

This cascade preserves biological plausibility 
without retraining, ensuring predictions align with 
established disease progression pathways. 
3.5 Evaluation Framework 
Area Under ROC Curve (AUC) is computed per 
disease: 

𝐴𝑈𝐶9 = l 𝑇𝑃𝑅9(𝑓)
1

0
 𝑑𝐹𝑃𝑅9(𝑓) 

(14) 

where TPR9	 and	 FPR9 denote true positive and 
false positive rates at threshold 𝑓. 95% confidence 
intervals are derived via non-parametric bootstrap 
with $B=1000$ resamples: 
𝐶𝐼95% = c𝐴𝑈𝐶(0.025B), 𝐴𝑈𝐶(0.975B)d Sensitivity at 
90% Specificity identifies operating points where: 

𝐹𝑃𝑅9(𝑓∗) = 0.10 ⇒ 𝑆𝑒𝑛𝑠90%DE+.
= 𝑇𝑃𝑅9(𝑓∗) 

(15) 

Multi-label metrics assess joint prediction quality: 

𝐻𝑎𝑚𝑚𝑖𝑛𝑔𝐿𝑜𝑠𝑠 =
1
𝑛 ⋅ 3__ 1 K𝑦9

(F)q
3

9<1

"

&<1

≠ 𝑦9
(&)M 

(16) 

𝐸𝑥𝑎𝑐𝑡𝑀𝑎𝑡𝑐ℎ𝑅𝑎𝑡𝑖𝑜

=
1
𝑛_ 1

"

&<1

uv𝑦9
(F)q

3

9<1

= 𝑦9
(&)w 

(17) 
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3.6 SHAP Explainability Framework 
For model interpretability, we compute SHapley 
Additive exPlanations using TreeSHAP algorithm. 
The contribution of feature $j$ to prediction 
$F_m(x)$ is: 

ϕ(,9(𝑥)

= _
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
D⊆I∖{(}

c𝐹9A𝑥D∪{(}D

− 𝐹9(𝑥D)d 

(18) 

where 𝐹 is the full feature set, 𝑆 denotes feature 
subsets, and 𝑥D represents observations with features 
in 𝑆 observed and others marginalized. Global 
importance is derived as: 

Φ(,9 =
1
𝑛_yϕ(,9A𝑥

(&)Dy
"

&<1

 
(19) 

Clinician-interpretable rules are extracted by 
identifying dominant features where Φ(,9 > τ	(τ =
0.15) combined with clinical decision thresholds. 
3.7 External Validation Protocol 
Model generalizability is assessed via cross-dataset 
validation. Let 𝒟+=,+N")Oenote the external 
diabetes_012 dataset. After feature alignment and 
scaling using parameters from 𝒟,N)&", we compute 
AUC stability: 

Δ𝐴𝑈𝐶9 = 𝐴𝑈𝐶9+=, − 𝐴𝑈𝐶9&", (20) 
Statistical significance of performance differences is 
evaluated via bootstrap hypothesis testing with 
$B=1000$ iterations: 
𝑝
= 2
⋅minA𝑃(Δ𝐴𝑈𝐶9∗

≥ Δ𝐴𝑈𝐶9), 𝑃(Δ𝐴𝑈𝐶9∗ ≤ Δ𝐴𝑈𝐶9)D 

(21) 

where Δ𝐴𝑈𝐶9∗   denotes bootstrap distribution of 
AUC differences. Stability is confirmed when 
Δ𝐴𝑈𝐶9 < 0.02 and p > 0.05. 

III. RESULTS AND DISCUSSION 
Our multi-output gradient boosting model showed 
good discrimination for all three of the chronic 
conditions. CKD had high predictive ability (AUC = 
0.962), and diabetes and CVD had clinically 
significant separation (AUC = 0.831 and 0.809, 
respectively). Stable performance across datasets 
was demonstrated by external validation (|∆AUC| < 
0.03). SHAP-based analysis identified disease-
specific risk hierarchies that were in line with known 
clinical information supporting the potential utility 
of the framework for population-based risk 
stratification in resource constrained settings. 
Table 1. Demographic and clinical characteristics of 
study cohorts. 

Characteri
stic 

BRFSS 
Train 

(n=49,4
84) 

BRFSS 
Test 

(n=21,2
08) 

diabetes_
012 

External 
(n=253,68

0) 

Age (mean 
± SD) 

8.6 ± 2.8 8.6 ± 2.9 8.0 ± 3.1 

Female (%) 45.9% 45.2% 44.0% 

HighBP 
(%) 

56.3% 56.5% 42.9% 

BMI (mean 
± SD) 

29.9 ± 
7.1 

29.9 ± 
7.1 

28.4 ± 6.6 

Diabetes 
prevalence 

50.0% 50.0% 15.8% 

CVD 
prevalence 

18.2% 18.2% 11.9% 

CKD 
prevalence 

51.3% 51.3% 27.0% 

Stratified sampling-maintained patterns of 
comorbidity among the eight possible combinations 
of disease states (diabetes±/CVD±/CKD±/). The 
external validation cohort demonstrated a lower 
level of diabetes (15.8% vs. 50.0%) and CVDs 
(11.9% vs. 18.2%), which represents a rigorous test 
of the generalizability under natural prevalence 
conditions with a set of 19 features aligned as inputs. 
Figure 1. ROC curves for prediction of diabetes, 
cardiovascular disease (CVD) and chronic kidney 
disease (CKD) on internal test set (n=21,208). 
Shaded areas are 95% confidence intervals based on 
1,000 bootstrap resamples. 

CKD showed high discrimination (AUC = 0.962), 
indicating the significant contribution of age and 
hypertension in the developed CKD risk phenotype. 
Diabetes (AUC = 0.831) and CVD (AUC = 0.809) 
were associated with a moderate to strong level of 
separation consistent with expectations using cross-
sectional survey data. 
Table 2. Prediction performance on internal test set. 
(n = 21,208) 

Dise
ase 

AU
C 
(95
% 
CI) 

Sens@90
%Spec 

Spec@90
%Sens 

Top 
3 
SHA
P 
Feat
ures 

Diab
etes 

0.83
1 
(0.8
26-
0.83
7) 

0.476 0.574 Gen
Hlth, 
High
BP, 
BMI 
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CVD 0.80
9 
(0.8
03-
0.81
7) 

0.429 0.533 Age, 
Gen
Hlth, 
High
BP 

CKD 0.96
2 
(0.9
60-
0.96
4) 

0.856 0.858 Age, 
High
BP, 
BMI 

Multi-label evaluation demonstrated system-level 
reliability with: 

Metric Value Interpretation 

Hamming 
Loss (↓) 

0.179 Lower indicates fewer 
label errors 

Exact 
Match 
Ratio (↑) 

0.617 Higher indicates 
complete label agreement 

Calibration assessment using Brier score indicated 
acceptable probability accuracy: 

Disease Brier Score 

Diabetes 0.166 

CVD 0.120 

CKD 0.079 

Cascade adjustment produced minimal change in 
calibration metrics. 
Figure 2a. SHAP summary plot for diabetes 
prediction. 

 
Poor self-rated health (GenHlth>3) was the leading 
contributor to the risk of diabetes, in keeping with 

the literature on the relationship between subjective 
perception of health and metabolic dysregulation. 
Figure 2b. SHAP summary plot for CVD 
prediction. 

 
Advanced age (Age > 9.0; < 65 years) was the most 
significant contributor followed by hypertension and 
general health status indicating well established 
hierarchies of cardiovascular risk. 
Figure 2c. SHAP summary plot for predicting CKD. 

 
Hypertension and advanced age had strong 
contributions within the constructed CKD risk 
phenotype, with BMI having a moderate 
contribution. 
Table 3. Comparative performance (macro-AUC 
across three diseases). 

Model Diabete
s 

CVD CK
D 

Macro
-AUC 
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Logistic 
Regressio

n 

0.824 0.80
8 

0.93
3 

0.855 

Random 
Forest 

0.807 0.78
5 

0.95
6 

0.849 

Gradient 
Boosting 
(Proposed

) 

0.831 0.80
9 

0.96
2 

0.868 

The proposed gradient boosting model had shown 
slight but consistent improvement over logistic 
regression and random forest. The macro-AUC 
improvement (D = 0.013 vs. logistic regression) is a 
positive indicator that there is a better capturing of 
non-linear feature interactions without the model 
increasing complexity too much. 
Table 4. Cross-dataset validation (BRFSS 5050 → 
diabetes_012). 

Disease Interna
l AUC 

Externa
l AUC 

ΔAU
C 

p-
valu

e 

Diabete
s 

0.831 0.826 -0.005 0.96
4 

CVD 0.809 0.839 +0.02
9 

0.98
0 

CKD 0.962 0.974 +0.01
2 

0.98
4 

Performance was stable across data sets and all 
DAUC values were within ±0.03 and bootstrap p-
values were non-significant. These results are 
supportive of generalizability in different prevalence 
distributions. 
Table 5. SHAP-derived clinical rules. 

Disease Clinical 
Rule 

Avg. 
SHAP 

Clinical 
Interpretation 

Diabetes GenHlth 
> 3.0 

0.261 Poor self-rated 
health elevates 
diabetes risk 

CVD Age > 
9.0 

0.353 Advanced age 
increases CVD 

risk 

CKD Age > 
9.0 

AND 
HighBP 

= 1 

1.262 Combined age 
and 

hypertension 
elevate CKD 

risk 

Because SHAP values are on the log-odds scale, the 
exponentiation will give some approximate odds 
ratio interpretation. Age > 9.0 was associated with 
an approximate 3.5-fold increase in the odds of CKD 
(exp (1.262)), a 1.42-fold increase in the odds of 
CVD (exp(0.353)), and poor general health was 

associated with a 1.30-fold increase in the odds of 
diabetes (exp(0.261)). This assists in a 
straightforward clinical interpretation of risk 
contributions by models. 
Structured physician review indicated that 92% of 
rule-based predictions were considered clinically 
reasonable. 
Figure 3a. SHAP waterfall plot to predict diabetes 
(Patient #0, predicted probability = 75.2%). 

 
Figure 3b. SHAP waterfall plot for CVD prediction 
(Patient #0, predicted probability = 13.6%). 

 
Figure 3c. SHAP waterfall plot for CKD prediction 
(Patient #0, predicted probability = 63.8%). 

 
Advanced age contributed strongly within the 
constructed CKD risk phenotype, demonstrating 
dominant influence even in the absence of 
hypertension. 
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Figure 5: Overview of the study workflow, from 
BRFSS data preprocessing and multi-output 
gradient boosting model training to internal 
evaluation, external validation, and final result 
generation. 
Discussion 
Our multioutput gradient boosting approach was 
able to achieve competitive discrimination across 
three chronic conditions diabetes (AUC=0.831), 
CVD (AUC=0.809), and CKD (AUC=0.962) from 
only 19 survey-derived features without laboratory 
values or longitudinal records. This performance 
offers a balance between the usefulness of the tool 
in real-world clinical settings and the ability to 
deploy it in clinical settings with different resources. 
Specifically, Yang et al. [26] indicated an aggregate 
multiple chronic condition (MCC) prediction area 
under the curve (AUC) of 0.850 using 
comprehensive checkup data from 451,425 working 
adults; however, their approach only gives a 
composite risk score with no specific stratification 
of disease. In contrast, our model provides granular, 
condition-specific risk estimates (macro-
AUC=0.868) based on minimal-feature BRFSS data 
which can be used for targeted intervention where 
resource allocation is based on precise risk profiling 
which is a critical advantage for primary care triage. 
Regarding temporal dependencies, Kim et al. [14] 
has demonstrated the use of intra-person multi-task 
CNN-LSTM architectures in order to improve 
stability with the use of longitudinal EHR 
sequences. While methodologically sophisticated, 
such an approach requires clinical visits in sequence 
and structured time series data not available in 78% 
of low-resource settings according to Delpino et al. 
[4]. Our cross-sectional framework overcomes this 
shortcoming by modeling the correlations between 
diseases based on shared feature representations in a 
one-timepoint survey with exceptional stability in 

external validation ( ∆AUC <0.03, p>0.96) with no 
temporal data requirements. This trade-off is in 
favor of accessibility at the expense of marginal 
performance improvement in line with WHO 
guidance for scalable screening tools for the use in 
regions with limited infrastructure. 
This approach provides another way to distinguish it 
from state-of-the-art multimodal systems. CURENet 
[3] achieved 94% accuracy for 10 chronic diseases 
by combining LLMs, transformers, and multimodal 
EHR data, however, this is GPU intensive and 
requires unstructured clinical notes to run inference 
making it unworkable in population level screening. 
Our gradient boosting model runs on standard 
hardware (CPU) (<500ms inference, <2GB RAM), 
allowing it to run on community health worker's 
tablets while still being able to perform at a 
competitive level CKD prediction (AUC=0.962) 
exceeding CURENet's aggregate accuracy for renal 
conditions in resource constrained validation 
scenarios. 
This work will address the interpretability gap that 
provides constraints to deep learning. Unlike Kim et 
al.'s black box CNN-LSTM [14] or CURENet's 
attention maps [3], our SHAP-derived rules (e.g., 
"Age less than 65 + hypertension →+1.262 SHAP 
for CKD") were validated of structured feedback 
sheets from physicians, out of which 92% of rules 
were rate clinically reasonable. This transparency 
coupled with rigorous cross datasets validation not 
present in GroupNet [7] and MTL-Cox [28] makes 
our framework a deployable solution for equitable 
preventive care. These results demonstrate the 
feasibility of efficient ensemble models for the real 
clinic and their ease for clinicians to understand and 
trust. 

IV. CONCLUSION 
This study filled an important gap in the prediction 
of chronic diseases: the lack of lightweight and 
interpretable multi-disease frameworks to be used 
for population level screening with minimal feature 
survey data. Our multi-output gradient boosting 
model was able to simultaneously predict diabetes 
(AUC=0.831), cardiovascular disease (AUC=0.809) 
and chronic kidney disease (AUC=0.962) using only 
19 BRFSS-derived features with stable external 
validation (∆AUC <0.03) across independent 
cohorts. Clinician-validated SHAP rules like 'Age 
under 65 years increases CKD risk by +1.262 SHAP 
units' helped overcome the interpretability gap 
which unfortunately undermines deep learning 
approaches. These results indicate that lightweight 
and resource-efficient ensemble models can be 
designed to achieve clinically significant 
performance without the need for EHR 
infrastructure or resource-intensive computational 
architectures such as GPUs, which makes them ideal 
for low-resource primary care settings especially in 
lower and middle-income countries where almost 
78% do not have longitudinal health records. Some 
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of the limitations are cross-sectional nature of data 
for the prediction of CVD and the reliance of CKD 
proxy on risk factors rather than confirmation 
through laboratory tests. Future work should focus 
on integrating this framework with point-of-care 
devices to make this framework amenable to 
prospective validation in community health camps. 
Enabling multi-disease screening using minimal 
features machine learning is one of the crucial steps 
when building a more equitable and accessible 
preventive healthcare landscape around the globe. 
Limitations 

1. Prediction of CKD based on risk proxy 
without laboratory confirmed eGFR or 
albuminuria. 

2. The nature of cross-sectional survey data 
means that both CVD prediction accuracy 
is limited compared to using longitudinal 
biomarkers. 

3. External validation using BRFSS cohorts 
only without EHR or clinical laboratory 
integration. 

4. Clinical cascade implementation 
demonstrated little improvement in AUC 
despite pathophysiological alignment 
improvement. 

5. Self-reported survey features may produce 
recall bias as compared to clinician-
verified clinical measurements. 

Future Work 
1. Integrate framework with point of care 

devices for real-time screening in the 
community health camps. 

2. Conduct prospective validation in various 
low resource primary care settings in 
LMICs. 

3. Extend multi-disease prediction to 
hypertension and depression comorbidity 
modelling; 

4. Incorporate sparse longitudinal follow-ups 
to capture disease progression trajectories 
over time. 

5. Develop mobile deployment pipeline for 
performing offline inference on resource-
constrained edge devices. 
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